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Materials and Methods 
Oceanic Nino Index 
One of the indictors to represent the magnitude of positive phase (i.e., El Niño) and negative 
phase (i.e., La Niña) of El Niño Oscillation (ENSO) is Oceanic Nino Index (ONI). It is defined 
as the sea surface temperature anomaly over Nino 3.4 region (5oN-5oS, 120o-170oW). When ONI 
is larger than 0.5, it is El Niño; while it is La Niña when ONI is smaller than -0.5. Figure S1 
shows the ONI from Aug 2014 to Dec 2016, which indicates that the El Niño conditions started 
at the end of 2014 and lasted till May 2016.  
 
GPP-weighted precipitation and land surface temperature 
The precipitation data is from the NOAA Climate Predication Center Merged Precipitation 
Analysis (CMAP) (82) (https://www.esrl.noaa.gov/psd/data/gridded/data.cmap.html), which starts 
from 1979 and continues until the present.  The surface skin temperature is from ERA-interim 
reanalysis (83). Inspired by the weighting method used in (84), we weight the monthly mean 
precipitation and surface skin temperature at each grid point i with the 2011 monthly mean CASA-
GFED3 (85) Gross Primary Production (GPP) (http://nacp-files.nacarbon.org/nacp-kawa-
01/?C=M;O=D) to calculate the GPP-weighted annual mean values: 
                                                                 (1)  
where 𝑣𝑣𝑖𝑖,𝑡𝑡  represents either precipitation or temperature. The quantity 𝑧𝑧𝑖𝑖,iyear  is the final GPP-
weighted annual mean value for a specific year iyear at grid point i. By weighting the physical 
climate states with GPP, the annual mean values weight more strongly over the months when the 
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vegetation is more active. When calculating a regional mean value, the grid points with more active 
vegetation also have larger weights.  
 
Figure S2 is the 36-year time series of GPP-weighted precipitation (top) and temperature (bottom) 
over tropical South America (left), tropical Africa (middle), and Tropical Asia (right). The grey 
line is the 30-year (1981-2010) mean, while the green bar is 2 σ over the 30 years (1981-2010). 
Year 2015 is an anomalous warmer and drier year compared to the climatology over the three 
tropical regions. Over tropical South America, the annual mean precipitation is the lowest in 35 
years; about 2.1 𝜎𝜎 lower than the climatology mean. Over tropical Africa, the temperature is about 
1.0 𝜎𝜎 higher than the mean state. The annual mean precipitation over tropical Asia is 1.7 𝜎𝜎 lower 
than the climatology mean, but it is slightly higher than the annual mean precipitation in the other 
two “very strong” El Niño years: 1982 and 1997.  
 
OCO-2 XCO2 observations  
The OCO-2 provides global coverage with a 16-day repeat cycle and three operational modes: 
nadir, glint, and target. Both nadir and glint observations are observed over land, and only glint 
observations are observed over ocean. We find that the relative bias between land nadir and land 
glint observations is about 0.3 ppm averaged over the globe in 2015 but the bias is spatially and 
temporally dependent (Figure S3), and the gradient between ocean glint observations and land 
nadir observations over outflow region is much higher than model simulated value (Figure S4). In 
order to avoid the impact of relative biases in different observation modes on flux estimations, we 
only use land nadir observations in this study. We further filter the observations based on the 
quality control flag provided along with the OCO-2 v7br lite product (86).  
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Figure S5 shows the 2015 annual total number of good quality land nadir observations at each 4° 
× 5° grid box. The amount of observations over semiarid regions, such as Australia and South 
Africa, is about 10 times more than the observations over other regions. The 4D-Var inversion 
process optimizes fluxes by minimizing the misfit between observations and the model simulated 
concentration. The minimizing process would be dominated by the contributions from these 
observations if we directly assimilate these observations without thinning or averaging. We adopt 
a two-step strategy to homogenize the observation spatial distribution and remove the outliers. We 
first do a buddy-check (87) to remove the outliers within a 100 km circular domain at the same 
orbit track. The observation 𝑦𝑦𝑖𝑖 is removed if  
                          (2) 
where A represents 100 km circular domain, n is the total number of observations within the 
domain, and ii is within the domain. The value 𝜎𝜎𝑜𝑜 is the standard deviation of all the observations 
within the domain.  We then calculate a super observation (or “superobs”) for every 1° × 1° box 
by averaging the observations within the 1° × 1° domain at the same orbit track.  Note that the 1° 
× 1° box does not have overlaps. The mean latitude, longitude, and time are the longitude, latitude, 
and time of the new super observation. In calculating the model simulated XCO2 (𝑦𝑦𝑏𝑏), we use the 
mean of the averaging kernels (A) (A), the prior XCO2 (𝑥𝑥𝑜𝑜(column) ) and prior CO2 profiles 
(𝑥𝑥𝑜𝑜(profile)) within the 1° × 1° box of the same orbit track based on the following equation:  
(3) where  is model simulated CO2 profiles interpolated to observation time and space. Since 
each sounding from OCO-2 has a surface footprint of ~1.29 km × 2.25 km at nadir, while the 
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transport model resolution is much coarser, we not only reduce the random errors, but also reduce 
the model representation errors when averaging the observations. Figure S5 b shows the annual 
total assimilated observations at each 4° × 5° box. After the two-step thinning and superobs 
production, the spatial distribution of observation coverage is much more homogeneous.  
 
The observation error standard deviations used in the inversion process are the sum of the mean of 
the observation error statistics and the standard deviation of the observations within the 1° × 1° 
box along the same orbit track. The standard deviation of the observations is used to approximate 
the model representation errors. The mean of the observation error statistics within the 1° × 1° box 
are used to represent biases, assuming biases are dominant relative to random errors (88).  
 
ACOS-GOSAT b3.5 
We use ACOS-GOSAT b3.5 land nadir high-gain observations, and filter the observations with 
the quality control flag. Figure S5 c shows the total number of observations for year 2011. The 
ACOS-GOSAT b3.5 observations have been extensively validated (89, 90) and are publically 
available (https://co2.jpl.nasa.gov/#mission=ACOS). The record spans from April 2009 to June 
2014. Compared to OCO-2 superobs, the number of ACOS-GOSAT is larger over some regions, 
which is due to the 3-day repeat cycle of GOSAT observations and the superobs step that we did 
for OCO-2 observations.  
 
 A framework to quantify and attribute the Net Biome Exchange (NBE) to constituent carbon 
fluxes  
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Figure S6 illustrates the framework we used to quantify and attribute the NBE to constituent carbon 
fluxes by assimilating multiple types of satellite observations. The land biosphere flux NBE  
at any grid point can be written as:  
       (4) 
where, 𝑔𝑔𝑖𝑖 , 𝑠𝑠𝑖𝑖 and 𝑟𝑟𝑖𝑖 are GPP, biomass burning, and total ecosystem respiration at the same grid 
point. In the above equation, positive means releasing carbon into the atmosphere. The land net 
biosphere fluxes, GPP (𝑔𝑔𝑖𝑖), and biomass burning (𝑠𝑠𝑖𝑖) carbon fluxes were constrained with XCO2 
from OCO-2 and GOSAT, Solar Induced Fluorescence (SIF) from GOSAT (31), and CO 
observations from MOPITT (34) separately (Figure S6). Once these quantities are calculated, 
respiration is calculated as a residual. The error variance of respiration is the sum of GPP, biomass 
burning, and land biosphere flux error variance. In the following, we describe the optimization 
methods for NBE (a), GPP (b) and biomass burning (c) individually.  
 
(a) Inversion methodology and experiments used to optimize NBE 
We use the Carbon Monitoring System Flux (CMS-Flux, 24-26) inversion framework to estimate 
monthly mean land and ocean fluxes assuming accurate fossil fuel emissions. The CMS-Flux 
optimizes surface fluxes with a 4D-Var approach with the GEOS-Chem adjoint model. The GEOS-
Chem transport model and its adjoint are run at 4° × 5° resolution driven by GEOS-5 (64) (before 
year 2014) and GEOS-FP meteorology (after year 2014). A Monte Carlo approach is used to 
estimate the uncertainties of posterior fluxes at each grid. The regional posterior flux uncertainties 
are the standard deviations of the regionally aggregated ensemble posterior fluxes from the Monte 
Carlo method. The interested readers can refer to (25) for additional details of the inversion system. 
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We carry out two inversion experiments: one spans from December 2009 to December 2012 (exp-
1), and the other spans from September 2014 to Dec 2016 (exp-2). The exp-1 assimilates ACOS-
GOSAT b 3.5 XCO2 using the GEOS-5 meteorology, while exp-2 assimilates OCO-2 XCO2 using 
GEOS-FP. The prior fluxes include 3-hourly biosphere fluxes from CASA-GFED3 (85), 3-hourly 
ocean fluxes from ECCO2-Darwin (91, 92), and hourly fossil fuel emissions from Fossil Fuel Data 
Assimilation System (FFDAS) (93). Figure S7 is the annual mean prior biosphere flux uncertainty, 
which shows larger uncertainty over the tropics and regions with active biosphere activities.  
 
In order to isolate the impact of prior fluxes on the posterior flux changes between year 2015 and 
2011, we use the same prior biosphere fluxes and uncertainties for year 2011, and 2015-16 in exp-
1 and exp-2. We show in the following that the posterior flux difference between 2011 and 2015-
16 is independent of prior biosphere fluxes with our experimental setup. The posterior flux  can 
be written as:  
          (5) 
where and are the prior flux and its uncertainty, and is the observation error covariance. 
The observations and the model-simulated observations are represented by  and 
respectively, and ℎ(⋅)  is the observation operator. Since we use the same prior flux  and 
uncertainties, the posterior flux differences between year 2015 and 2011 can be written as:  
    (6) 
Assuming 2015 and 2011 XCO2 observations have similar sampling and observation error statistics, 
i.e., the linearized observation operator  𝐻𝐻 , observation operator ℎ(⋅)  and  are similar, the 
posterior flux differences between year 2015 and year 2011 can be written as:  
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   (7) 
Therefore, the flux differences are only due to the differences in the observed CO2 that were 
projected to the flux space with the sensitivity of observations to surface fluxes, the prior biosphere 
flux uncertainty, and the observation uncertainties. The impact of different observation sampling 
and observation error statistics on flux differences between 2015 and 2011 are addressed in 
Supplementary Text.  
 
The CO2 annual growth rate at any given year t is the sum of the spatially distributed surface 
fluxes:  
    
(8) 
 where , and  are the fossil fuel emissions and ocean fluxes at point i for year t.  The 
atmospheric inversion process optimizes surface fluxes so that they agree with the observed CO2 
growth rate. The changes of CO2 growth rate between two years 𝛥𝛥𝛥𝛥𝑎𝑎 can be expressed as the sum 
of spatially resolved flux changes between these two years: 
 
    
 (9)  
where 𝛥𝛥𝑎𝑎
𝑡𝑡2 and 𝛥𝛥𝑎𝑎
𝑡𝑡1 are the atmospheric CO2 growth rate for year t2 and t1 respectively, and 
 is the contribution of biosphere flux changes at grid point  i to the changes of global 
CO2 growth rate between year t2 and t1. Equation (9) can be further written as:  
              (10)  
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Therefore, the posterior biosphere flux differences between year 2015 and 2011 are only due to 
the differences in the observed CO2 growth rate, with the assumption that the fossil fuel and the 
posterior ocean fluxes are much more accurate than the biosphere fluxes and the variability are 
much smaller, which is generally the case in tropical land regions (94).  
 
(b) GOSAT-SIF optimized GPP 
We use a Bayesian analysis framework to estimate monthly average GPP at 4º x 5º grid spacing 
(consistent with CMS-Flux grid) that optimally accounts for uncertainties in predictions of GPP 
from terrestrial biosphere models, satellite observations of GOSAT SIF, and relationships between 
SIF and GPP (32). Monthly prior GPP is predicted from the average of 10 land biosphere models 
(CLM4.5, ISAM, JULES, LPJG, LPJ, LPX, OCN, ORCHIDEE, VEGAS, VISIT) from the 
TRENDY model intercomparison project over the period 2009-2012 
(http://dgvm.ceh.ac.uk/node/9) (95), and temporally downscaled to daily resolution using year 
specific downward shortwave radiation from the NCEP reanalysis dataset (96), which is provided 
by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from their Web site at 
http://www.esrl.noaa.gov/psd/. Figure S8a shows the prior GPP uncertainty estimated as the 
spread of TRENDY models. The annual prior GPP over tropical South America, tropical Africa 
and Asia are 20.6, 18.1, and 10.4 GtC/year respectively, while the prior uncertainties are 1.5, 1.7 
and 1.1 GtC/year respectively. The prior GPP uncertainties range from 7% to 11%.  
 
GOSAT-SIF from Level 2 product was scaled to monthly GPP using the empirical linear 
relationship with Max Planck Institute (MPI) GPP from 2009-2011 with careful accounting for 
uncertainties in SIF measurements and the MPI approach (32, 33). MPI GPP is derived from a flux 
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tower data based upscaling approach using the Max Planck Institute for Biogeochemistry (MPI-
BGC) model. The posterior GPP and uncertainties are calculated with least square linear  
combination of the scaled SIF observations and the prior GPP based on their uncertainties. This 
approach has been used to examine large-scale GPP distributions and regional GPP responses to 
climate variability and drought, and has been extensively validated against flux tower data (33). 
The combination of optimized GPP and uncertainty in this study provides a regional semi-
empirical GPP constraint, helps to quantify the significance of regional GPP changes, and provides 
a range of uncertainty for determining the significance of predicted GPP. The posterior GPP 
changes between 2015 and 2011 are only due to the assimilation of year specific satellite SIF data, 
since the prior information is the same between two years. The posterior uncertainty reduction 
(Figure S8b) can be as large as 60% where observational coverage and prior uncertainty are high. 
The posterior uncertainties over tropical South America, tropical Africa and Asia are 0.6, 0.7, and 
0.6 GtC/year respectively for 2015. The uncertainty reduction is 30 to 60% over most of the 
tropical regions.  
 
(c) Quantification of biomass burning carbon fluxes  
The carbon fluxes from biomass burning are estimated as a multiplication between CO2:CO 
emission ratio and the CO carbon fluxes optimized with MOPITT v6 CO observations. The CO 
emission optimization follows (35), which optimize monthly CO emissions independently with 
initial conditions for each month estimated from a sub-optimal Kalman filter (65). The CO2:CO 
emission ratio (𝑟𝑟CO2:CO) at each grid point is calculated using CO2 and CO emission factors (𝑒𝑒co2, 
𝑒𝑒co) and dry mass matter (𝑚𝑚𝑣𝑣) for six vegetation types used in GEOS-Chem:  
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(11)  
where i represents vegetation types that include agriculture waste, deforestation, extra-tropical 
forest, peat, savanna, and woodland. The emission ratio for peat fire over Indonesia is based on 
field measurement from (36). We carry out six-year inversion from 2010 to 2015. The uncertainty 
of the posterior biomass fluxes is based on Monte Carlo method (25).  
 Supplementary Text 
Is there any relative bias between OCO-2 and ACOS-GOSAT XCO2?  
Since we contrast the 2015 posterior biosphere flux constrained by OCO-2 XCO2 observations 
against 2011 biosphere flux constrained by ACOS-GOSAT XCO2 to discuss the sensitivity of 
tropical land biosphere carbon fluxes to warmer and drier conditions resulted from the 2015 El 
Niño, in this section we address whether there is relative bias between OCO-2 and ACOS-GOSAT 
b3.5 XCO2. We compare the XCO2 observations from OCO-2 and ACOX-GOSAT b3.5 against 
XCO2 observations from the total Column Carbon Observing Network (TCCON) (30). Figure S9 
shows the comparison of 2015 OCO-2 land nadir XCO2 observations and 2011 ACOS-GOSAT 
land high gain XCO2 observations against observations from the same 14 TCCON sites (67-81). 
It shows that the OCO2 land nadir observations and ACOS-GOSAT land high gain observations 
have the similar slope relative to TCCON observations, which are 0.79±0.04 and 0.76 ±0.03 
respectively for OCO-2 and ACOS-GOSAT. The overall bias between ACOS-GOSAT and 
TCCON in 2011 is 0.34 ppm, whereas the overall bias between OCO-2 and TCCON in 2015 is 
0.38 ppm (81). The similar biases exclude the possibility of the propagation of relative biases 
between OCO-2 and ACOS-GOSAT into the posterior flux differences.  
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Do the different samplings and observation error statistics between OCO-2 and ACOS-GOSAT 
affect the posterior biosphere flux differences between 2015 and 2011? 
We address the impact of sampling and observation error statistics on flux inversion results by 
carrying out two Observing System Simulation Experiments (OSSE). The two inversion 
experiments use the same prior fluxes and nature run that is used to create simulated observations. 
The differences between the two inversion experiments are the sampling of the simulated 
observations and the observation error statistics. Therefore, the differences in posterior fluxes from 
these two OSSEs are due to the impact of different sampling and observation error statistics 
between OCO-2 and ACOS-GOSAT. The inversion experiments span two years. 
 
Figure S10 shows the two-year “true” fluxes (black), prior (blue), and posterior fluxes and their 
uncertainties optimized with OCO-2 sampling (red) and ACOS-GOSAT sampling (green) over 
three tropical regions. It shows that the prior fluxes and true fluxes have different seasonal cycles, 
but the posterior fluxes from both the OCO-2 and ACOS-GOSAT inversion experiments are much 
closer to the true fluxes, and the differences are within the monthly posterior flux uncertainty 
estimates. Based on OCO-2 sampling and observation error statistics, the annual estimated 
posterior fluxes are 0.6 ± 0.17, -1.4 ± 0.13, -0.3 ± 0.18 for tropical South America, Africa, and 
Asia respectively; while based on ACOS-GOSAT sampling and observation error statistics, the 
annual estimated posterior fluxes are 0.6 ± 0.17, -1.5 ± 0.13, -0.4 ± 0.20 respectively for the three 
tropical continents. The differences are within the uncertainty estimates. Therefore, the posterior 
biosphere flux differences between 2015 and 2011 are resulted from the imprint of 2015 El Niño 
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and 2011 La Niña events on CO2 concentration differences, but not from the different samplings 
and observation error statistics between OCO-2 and ACOS-GOSAT.  
 
The atmospheric CO2 growth rate and airborne fraction estimation  
In 2015, the NOAA observed atmospheric CO2 growth rate is 6.30 ± 0.20 GtC (S42). Assimilating 
OCO-2 XCO2 observations and using the 2011 prior biosphere fluxes, we estimate 6.41 ± 0.64 GtC 
total atmospheric CO2 growth rate (Table S1), consistent with the NOAA flask observations. In 
contrast, the total atmospheric CO2 growth rate based on NOAA flask observations is 3.58 ± 0.20 
GtC in 2011 (19). Assimilating ACOS-GOSAT observations, we estimate 3.46 ± 0.65 GtC total 
atmospheric CO2 growth rate (Table S1), consistent with the observed value. The atmospheric 
CO2 air borne ratio, the ratio between the atmospheric CO2 growth rate and the sum of fossil fuel 
emissions and land use land change (18), is 0.56 in 2015 vs. 0.34 in 2011 (Table S1).  
The difference between fossil fuel emissions and atmospheric CO2 growth rate is the amount 
absorbed by ocean and land (Table S1). The ocean flux difference between these two years is only 
0.2 GtC, much smaller than the posterior biosphere flux differences, which is consistent with the 
smaller ocean flux variability discussed in previous studies (94). In 2015, the posterior land 
biosphere flux is -0.47 ± 0.53, while it is -3.46 ± 0.59 in 2011. The estimated 3.0 GtC atmospheric 
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CO2 growth rate difference between 2015 and 2011 is almost entirely due to the changes of land 
biosphere fluxes between these two years.  
Validation of posterior CO2 concentrations against independent aircraft observations and 
surface flask observations 
We validate the posterior CO2 concentrations from the two inversion experiments against 
independent aircraft and surface flask observations, which are from Observation Data Package 
(ObsPack) product (66, 97). Figure S11 shows the aircraft and surface flask CO2 observation 
coverage for year 2011 and year 2015. Most of the aircraft observations are over North America 
(NA), and most of the surface flask observations are over the Northern hemisphere (NH).  Figure 
S11 shows the CO2 vertical profiles from aircraft observations (black), the prior (blue), and the 
posterior (red) sampled at the aircraft locations and time averaged over year 2001 (left column) 
and 2015 (right column). Figure S13 shows the CO2 time series of surface flask CO2 observations 
(black), and prior (blue) and posterior (red) CO2 concentrations sampled at surface flask locations 
and time. For both years, the posterior CO2 concentrations are more accurate than the prior CO2 
concentrations compared to both aircraft and surface flask observations. Relative to aircraft 
observations (Figure S 12), the global mean root mean square (RMS) error of the 2011 posterior 
CO2 concentration is 0.27 ppm, while the RMS error of the prior CO2 concentration is 1.14 ppm.  
The RMS error of the 2015 posterior CO2 concentration is 0.41 ppm, while the RMS error of the 
prior CO2 concentration is 1.76 ppm. Relative to surface flask observations (Figure S12), the 
global mean RMS error changes from 2.18 ppm to 1.67 ppm after assimilating ACOS-GOSAT for 




             
Figure S1 Monthly time series of Oceanic Nino Index (NOI) from Aug 2014 to Dec 2016. NOI 
is defined as Sea Surface Temperature  (SST) anomaly over Nino 3.4 region. The data is from 
http://www.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ensoyears.shtml. 
Red bars indicate El Niño condition, when SST anomaly is larger than 0.5 K, while blue bars 
indicate La Niña condition, when SST anomaly is lower than -0.5 K.  
 
 
Figure S2 Times-series of GPP-weighted precipitation (top row)  (unit: mm/day) and 
temperature (bottom row) (unit: K) over tropical South America (left), tropical Africa 
(middle), and tropical Asia (right) from 1981 to 2016. The grey line in each plot is the 30-
year (1981-2010) mean for the corresponding variable at the corresponding region. The 




Figure S3 OCO-2 land nadir observations (black) and land glint observations (red) 
averaged over the globe (a), 30°S-30°N (b), 60°S-30°S(c). The region mean differences 
between land nadir and land glint observation are 0.33 ppm, 0.39 ppm, and 0.66 ppm 
respectively averaged over the globe, 30°S-30°N, and 60°S-30°S.  
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Figure S4 (a) 2015 annual mean OCO-2 land nadir and ocean glint observations; (b) model 
simulated XCO2 sampled with OCO-2 averaging kernels at land nadir and ocean glint 
locations; (c) The differences between OCO-2 observations and model simulated XCO2. 
Unit: ppm.  
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Figure S5 a. The 2015 annual total land nadir good quality observations at each 4° x 5° grid 
point before thinning; b. The annual total OCO2 observations at each 4° x 5° grid point 
after thinning; c. 2011 annual total assimilated ACOS-GOSAT b3.5 observations at each 4° 







                    
Figure S6 A framework to constrain net biome exchange (NBE) and its constituent fluxes 










            
Figure S8 (a) The prior annual GPP uncertainty (unit: GtC/year), and (b) the GPP posterior 




Figure S9 Comparison of OCO-2 2015 land nadir XCO2 observations and 2011 ACOS-GOSAT 
b3.5 land high gain XCO2 observations with TCCON observations. Top panel: 2015 OCO2 
XCO2 vs. TCCON; bottom panel: 2011 ACOS-GOSAT XCO2 vs. TCCON. The slope between 
2015 OCO2 XCO2 and TCCON is 0.790 ±0.041, while the slope between 2011 ACOS-GOSAT 
XCO2 and TCCON is 0.758 ±0.026. The root mean square differences are 1.45 ppm and 1.65 
ppm respectively for 2015 OCO2 XCO2 and 2011 ACOS-GOSAT XCO2. 
22 
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Figure S10 The prior (blue), truth (black), and the posterior fluxes and their uncertainties 
(error bars) from OSSEs based on ACOS-GOSAT (green) and OCO-2 (red) sampling  and 
observation error statistics over tropical South America (a), tropical Africa (b), and 




Figure S11 a, b: The total number of aircraft observations at each 4°5° grid point between 
2000 meters and 3000 meters in 2011 and 2015 respectively; c, d: The total number of flask 
observations at each 4°  5° grid point in 2011 and 2015 respectively.  
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Figure S12 The inter-comparison among aircraft CO2 observations (black), model 
simulated CO2 observations forced by the prior fluxes (blue), and posterior fluxes (red) 
over the globe (a, b), the North America (c, d), and the tropics (e, f) for year 2011 (left 
column) and 2015 (right column). The RMS errors for the prior CO2 concentration and 
posterior CO2 concentration are included in the title.  
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Figure S13 The inter-comparison among surface flask CO2 observations (black), model 
simulated CO2 observations forced by prior fluxes (blue), and posterior fluxes (red) over 
the globe (a, b), the NH (c, d), the tropics (e, f), and the SH (g, h) for year 2011 (left column) 
and 2015 (right column). The RMS errors for the prior CO2 concentration and posterior 






Table S1. List of flux magnitudes and atmospheric CO2 growth rate for 2011 and 2015. 

















CO2 growth rate 
(19, GCP, 2016) 
Airborne fraction 
2011 9.62±0.15 0.91±0.50 -2.70±0.11 -3.50±0.74 -3.46±0.59 3.46±0.65 3.58±0.20 0.34 
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